The problem of instrument proliferation and its consequences (overfitting of endogenous variables, bias of estimates, weakening of Sargan/Hansen test) are well known. The literature provides little guidance on how many instruments is too many. It is common practice to report the instrument count and to test the sensitivity of results to the use of more or fewer instruments. Strategies to alleviate the instrument proliferation problem are the lag-depth truncation and/or the collapse of the instrument set (the latter being an horizontal squeezing of the instrument matrix). However, such strategies involve either a certain degree of arbitrariness (based on the ability and the experience of the researcher) or of trust in the restrictions implicitly imposed (and hence untestable) on the instrument matrix. The aim of the paper is to introduce a new strategy to reduce the instrument count. The technique we propose is statistically founded and purely datadriven and, as such, it can be considered a sort of benchmark solution to the problem of instrument proliferation. We apply the principal component analysis (PCA) on the instrument matrix and exploit the PCA scores as the instrument set for the panel generalized method-of-moments (GMM) estimation. Through extensive Monte Carlo simulations, under alternative characteristics of persistence of the endogenous variables, we compare the performance of the Difference GMM, Level and System GMM estimators * The authors would like to thank Jerry Hausman, Jacques Mairesse, Whitney Newey and participants in the 18th International Panel Data Conference for comments and encouragement. The authors also thank Roberto Golinelli and Carla Rampichini for suggestions. The usual disclaimer applies.
Introduction
Dynamic panel data (DPD) have become very popular in the last two decades, thanks in particular to the increasing availability of panel datasets both at a micro level (e.g. data for individuals, households or firms) and at a macro level (e.g. data for Regions or Countries). The use of dynamic models in macroeconomics dates back to many decades ago, while it is relatively recent in microeconomics. The possibility of including some kind of dynamics also in a microeconomic framework has become very appealing: in fact, it is now a common practice to estimate dynamic models in empirical analysis in most microeconomic fields.
In particular, the generalized method-of-moments (GMM) estimator, in the Holtz-Eakin, Newey and Rosen [1988] , Arellano and Bond [1991] , Arellano and Bover [1995] and Blundell and Bond [1998] formulations, has gained a leading role among the DPD estimators, mainly due to its flexibility and to the very few assumptions about the data generating process it requires. Most of all, while preventing from the well known DPD bias (see Nickell [1981] ) and from the trade off between lag depth and sample size 1 , the GMM estimator also gives the opportunity to account for individual time-invariant effects and for potential endogeneity of regressors. Another advantage is the availability of "internal" instruments (lags of the endogenous variables), a noticeable point when finding instruments is not an easy task. The implementation of ad hoc procedures in many statistical softwares and the consequent availability of "buttons to push" have done the rest of the job.
The GMM estimator however is not the panacea for all the drawbacks of the previously proposed DPD estimators: it is in fact not free of faults. Instrument proliferation, among the others, is a severe issue in the application of the GMM estimator to DPD models and needs to receive more attention than what it has been done so far. The potential distortions in the estimates by instrumental variables (IV) and GMM estimators when the instrument count gets larger and larger have been treated extensively in the literature 2 , but not enough attention has been paid to this issue in Difference, Level and System GMM estimation of DPD (DIF GMM, LEV GMM and SYS GMM henceforth). Though these versions of the GMM estimator are designed for a large Nsmall T framework, and though the time dimension in panel datasets remains well below that of a typical time series, it is well-known that the number of moment conditions increases exponentially with T and the dimension, , of the vector of endogenous regressors other than the lagged dependent variable; this number can get rapidly large relative to the sample size. Consequently, the excessive number of instruments can create a trade-off between bias (overfitting of endogenous variables) and efficiency (additional moment conditions), give an imprecise estimate of the variance/covariance matrix of the moments, lower the power of specification tests (Sargan [1958] / Hansen [1982] test of over-identifying restrictions) and exacerbate the weak instruments problem.
Unfortunately, the problem of instrument proliferation is only rarely detected and addressed in empirical analyses with the consequent risk of drawing misleading conclusions about the coefficient estimates. In many empirical papers, GMM is often applied with unclear specification of the estimator concerning initial weighting matrix, onestep or twostep estimate and, in particular, the selection of instruments: different results emerge as a consequence of different choices of the instrument matrix (for example, how many lags are included) and it becomes difficult to interpret such results as robustness checks, as they are based on a certain degree of arbitrariness, ability or experience of the researcher.
Moreover, there is not a clear indication on how many instruments is too many and on which is a reasonable number of instruments to be used in empirical works.
The paper has two aims. The first one is to introduce a data-driven technique for the reduction of the instrument count in GMM estimation of DPD with other explanatory endogenous variables in addition to the lagged dependent variable. We extract the principal components from the instrument matrix through the principal component analysis (PCA) and use the PCA scores as a new set of instru-ments (we call this procedure principal component-based IV reduction, PCIVR, henceforth). In doing so, we aspire to answer the question "How many moment conditions can be used and still expect to be able to obtain valid inference when estimating by GMM?". Since, in the words of Hall and Peixe [2003, p. 271] , "It is impossible to verify a priori which elements of the candidate [instruments] set satisfy [the] conditions [orthogonality, identification, efficiency, and non-redundancy] for a given data set", we suggest a statistically founded rule for the selection of non redundant IVs, based on the characteristics of the empirical problem at hand. In doing so, we extend the analysis of Doran and Schmidt [2006] who consider an eigenvalue-eigenvector decomposition of the variance matrix of the moment conditions, and then discard the terms corresponding to the smallest eigenvalues; they simulate a simple autoregressive DPD and compare results for different autoregressive parameter values, different variance of individual effects, different sample sizes N and T . 3 The second aim of the paper is to fill the gap in the literature by comparing the performance of the Difference, Level and System GMM estimators when various instrument reduction techniques are adopted. In order to do so, we both run extensive Monte Carlo experiments and we estimate economic models on real data, allowing for the presence of endogenous variables (together with the lagged dependent variable), and checking the effects of various persistence characteristics of the stochastic processes, of different sample sizes N and T , and of the use of Windmeijer [2005] finite sample correction.
Along with the PCIVR method, the other techniques to reduce the number of moment conditions we compare are the two usually employed in the empirical literature: the collapsing of the instrument matrix (Roodman [2009b] ) and the reduction of the lag depth of the instruments. Both solutions make the instrument count linear in T : the former creates different instruments for each lag but not also for each time period; the latter consists of the inclusion as instruments of only few lags instead of all the available ones. Both techniques, separately or combined together, have gained popularity thanks to their direct implementability in the statistical softwares and are now commonly, and often blindly, used in empirical works. 4 However, collapsing and lag depth truncation involve a certain degree of arbitrariness as they ask either to trust the restrictions that are imposed when the instrument matrix is collapsed or to choose how many lags to include among the instruments. Despite some attempts to investigate the performance of the GMM estimators when instrument reduction techniques are employed, the literature in this fields lacks of exhaustive experiments that compare extensively these strategies and their robustness to different settings of the parameters in the simulation model of a DPD with other endogenous variables besides the lagged dependent variable. Our paper aims to fill this gap. 5 Our results confirm that PCIVR is a general, data-driven technique to reduce overidentification problems that can be fruitfully applied to any overidentified GMM problem. Having tried alternative criteria in order to select the number of retained components (keep only the components whose eigenvalues are larger than the average eigenvalue or retain only the components that explain a given predetermined portion of the original variance), we suggest, as a selection criterion, the explanation of 90% of the original variance.
In the remainder of the work we proceed as follows: in section 2, after reviewing the collapsing and limiting, we illustrate the extraction of principal components from the instrument matrix and discuss the rationale of applying the PCA on the instrument set; the comparison of a number of instrument reduction techniques is presented by replicating the Blundell and Bond [1998] estimates for the labour demand in the UK and by exploiting extensive Monte Carlo simulations (in section 3); in section 4 we present an empirical application that estimates a production function with three inputs -labour, tangible and intangible capitalfor a large panel data-set; section 5 draws the conclusions and indicate practical hints for the empirical analysis; the Appendix runs through the technical details of the PCA.
Reducing the instrument count in GMM estimation
Consider the general one-way error component DPD model:
where = 1, .., N, = 1, .., T , x is a -dimensional vector of potentially endogenous regressors, the φ are the time effects (usually considered deterministic), the η are the individual effects and ε is a zero-mean idiosyncratic error, allowed to be heteroskedastic but not serially correlated. The standard assumptions are:
The Arellano-Bond and Arellano-Bover / Blundell-Bond estimators are linear GMM estimators for the model in first differences (DIF GMM) or in levels (LEV GMM) or both (SYS GMM) where the instrument matrix Z includes the lagged values of the endogenous variables only or also the lagged first differences of the endogenous variables 6 . In the standard framework of DIF and SYS GMM, the columns of the instrument matrix Z correspond respectively to two different sets of meaningful moment conditions.
In particular, the Arellano-Bond DIF GMM estimator exploits, for each endogenous variable, the following (T − 2)(T − 1)/2 moment conditions for the equation (1) in first differences: 7
For the sake of simplicity suppose =1; the instrument matrix Z dif , that satisfies the moment restrictions in (2), contains an IV for each endogenous variable, time period and lag distance and it has the well known form:
The Blundell-Bond SYS GMM estimator also exploits, for each endogenous variable, the additional non-redundant T − 2 orthogonality conditions for the equation (1) in levels:
where, again for =1, the instrument matrix is: 8
The full instrument matrix for the SYS GMM estimator will thus be:
Since usually lags of the explanatory variables are used as IVs, "the phenomenon of moment condition proliferation is far from being a theoretical construct and arises in a natural way in many empirical econometric settings" (Han and Phillips [2006, p. 149] ). The dimension of the GMM-type instrument matrix grows exponentially as the number of time periods and regressors expands, even if the time span of the panel is of moderate size.
Collapsing and limiting the instrument set
As discussed in Roodman [2009] , when we collapse the instrument set we impose the same condition for all and we create an instrument for each endogenous variable and lag distance rather than for each endogenous variable, time period and lag distance. The collapsed instrument matrix for the equation in first differences has the form, for =1:
with (T − 2) moment conditions for each endogenous. Similarly, the collapsed matrix for the equation in levels is:
The collapsed matrix for the system estimator will thus be:
with (T − 2) + 1 moment conditions for each endogenous variable. When instead we limit the lag depth, we truncate the moment restrictions and exploit the conditions in equation (2) only for 2 ≤ ≤ M, where M is the maximum lag depth we consider. The limited instrument matrix for the equation in first differences will be:
and the instrument count depends on the number of endogenous variables, on T and on M. The truncation in the lag depth has no impact on Z lev , as it already includes only the first lag available. By limiting arbitrarily the lag depth, we drop from the instrument set Z all the information about the lags greater than M; by collapsing the instrument matrix, we retain a lot more information as none of the lags is actually dropped, though restrictions are imposed on the coefficients of subsets of instruments so that we only generate a single instrument for each lag.
Extracting principal components from the matrix of instruments
In order to face the problem of instrument proliferation, we propose a strategy that involves a stochastic transformation of the instrument set: we extract the principal components from the instrument matrix Z.
The adoption of principal components analysis (PCA) or factor analysis to extract a small number of factors from a large set of variables has become popular in macroeconomic fields of analysis. The main use of factors is in forecasting in second stage regressions, but they are also employed as instrumental variables in IV estimation, in augmented VAR models and in DSGE models 9 . The seminal works by Stock and Watson [1998 , 2002a , 2002b develop the use of static principal components to identify common factors when the number of variables in the dataset gets very large, while Forni et al. [2000, 2004, 2005] propose the use of dynamic principal components. Stock and Watson [2002a] prove consistency of the factors as the number of original variables gets sufficiently large, so that the principal components are estimated precisely enough to be used as data instead of the original variables in subsequent regressions.
The idea of using principal components or factors as instrumental variables is not so new in the literature. and Amemiya [1966] first proposed the use of principal components in instrumental variable (IV) estimation. In this stream of literature, we find, among the others, important contributions by Kapetanios and Marcellino [2010] , Groen and Kapetanios [2009] and by Bai and Ng [2010] that rely on factor-IV or factor-GMM estimation 10 .
In the stream that uses factors as instruments, the main novelty of what we do here is that we consider a DPD model with endogenous explanatory variables and extract principal components allowing for two strategies: (1) we apply PCA to a large set of lags of each instrument considered separately (what we call PCIV); (2) we apply PCA to a large set of lags of all the different instruments taken together (what we call PCIVT). The idea is that of identifying the most meaningful basis to re-express the information conveyed by the Z, avoiding multicollinearities in the instrument set. This new basis should filter out the noise component of the moment conditions 11 and reveal the signal delivered by the instrument set (coming from the mean of the sample moment conditions); most important, the noise reduction is the result of a data-driven procedure.
Through the PCA we extract the largest eigenvalues from the estimated covariance 12 or correlation matrix 13 of Z and, by combining the relative eigenvectors, we obtain the loading matrix and the score matrix. We then use the PCA scores as new instrumental variables for the endogenous variables in GMM estimates (PCIVR). 10 A review of the literature on Factor-IV and Factor-GMM estimations is in the introduction of Kapetanios and Marcellino [2010] . 11 The degree of variation over the sample moment conditions increases as the number of moment conditions raises 12 An unbiased estimator of the covariance matrix of a -dimensional vector x of random variables is given by the sample covariance matrix C = 1 N−1 X ′ X where X is a N × zero mean design matrix. 13 There is not a clear indication in the theoretical literature on which is the preferable matrix among the two. The PCA is scale dependent and the components that are extracted from either matrices are different. The PCA on the covariance matrix can be used when the variables are in commensurable units and have similar variances, as it is generally the case in Monte Carlo experiments. In estimating economic models the PCA on the correlation matrix is instead preferable. We always use PCA on the correlation matrix.
In practice, defined Z as the general -columns GMM-style instrument matrix 14 , we extract eigenvalues λ 1 , λ 2 , ..., λ ≥ 0 from the covariance matrix of Z, ordered from the largest to the smallest, and derive the corresponding eigenvectors (principal components) α 1 , α 2 , ..., α . Our new instruments will be the scores from PCA that are defined as:
If we write Z = [z 1 z 2 ... z ] with z being the column of the instrument matrix, the score s corresponding to the component can therefore be rewritten as:
where α is the element of the principal component α . Since the aim of the PCA is data reduction, it would not help to keep all the scores in the analysis as this would imply no decrease in the number of instruments; only in the first application of section 3 we will check the impact of PCIVR on estimation results when all the components are retained. In general we suggest to retain only ( + 1) ≤ < principal components; as a consequence, only the corresponding score vectors will form the new transformed instrument matrix. Alternative criteria can be applied in order to select the components to be retained. 15 In line with Doran and Schmidt [2006, p. 406 ], we propose the variability criterion; in particular, we retain the components that explain 90% of the original variance. With this criterion, the leading eigenvectors from the eigen decomposition of the correlation matrix of the instruments describe a series of uncorrelated linear combinations of the instruments that contain most of the variance. Compared to alternative criteria to select the eigenvalues of interest, we think that retaining principal components that explain a given predetermined portion of the original variance better avoids the magnification of sampling errors in the process of inversion of the variance matrix of the moment conditions. This should decrease the variance of the estimated weighting matrix and improve finite sample performance of the GMM estimator. 16 14 Z can be Z dif , Z sys , Z dif,C , Z sys,C , Z dif,L , Z sys,L , according to the notation adopted in the previous sections. Remember that, in the simplified case of a balanced panel with T = T ∀ , and endogenous variables plus the lagged dependent variable, we have: Z dif has = ((T − 2)(T − 1)/2)( + 1) columns, Z dif,C has = (T − 2)( + 1) columns, Z dif,L a number of columns depending also on the lag truncation. In system GMM estimation, further (T − 2)( + 1) columns are added in Z sys and in Z sys,L , while only + 1 are added to Z sys,C . 15 The criteria are discussed in the Appendix. 16 According to alternative selection criteria, the smallest eigenvalue or the two or three smallest Defined the matrix of PCA loadings as V = [α 1 α 2 ... α ] and the matrix of PCA scores as S, we have that S = ZV. Instead of the moment conditions in (2), we will therefore exploit the following restrictions:
Similarly, in the SYS GMM we will also exploit the additional orthogonality conditions
In both cases, the number of moment restrictions depends on the number of components we retain in the analysis that, in turn, depends on the nature of the data at hand. As our starting point is that instruments are orthogonal to the error term, a linear combination of the original instruments will also obviously be orthogonal to the error term.
The rationale of PCIVR is to use, instead of the untransformed instruments, linear combinations of the original instruments that are properly weighed according to the PCA loadings: no available instrument is actually dropped, but its influence might be rescaled after the PCA. It is also worth noticing that none of the instruments that are not in the original matrix Z will enter the linear combinations which forms the columns of the new instrument matrix. PCA thus preserves all the information in the original instrument set.
A further advantage of PCA is that we can extract principal components not only from the untransformed instrument matrix but also from any transformation we think could be useful; for example, applying PCA to the limited or collapsed instrument matrix would retain all the information each matrix conveys and thus further reduce the number of instruments. As another example, we could apply multistep PCA (see e.g. D'Alessio [1989] ) to highlight structural aspects of the data at hand, like persistence or heterogeneity among clusters of individuals. ones can be arbitrarily dropped; alternatively, one could retain the eigenvalues higher than the average eigenvalue or a fixed number of the highest ones. 
where is the log of employment in firm in year , is the log of the real product wage and is the log of the capital stock. The sample is an unbalanced panel of 140 UK listed manufacturing companies with between 7 and 9 annual observations over the period [1976] [1977] [1978] [1979] [1980] [1981] [1982] [1983] [1984] . Results are reported in Tables 1, 2 and  3 for DIF, SYS and LEV GMM, respectively; in particular, the first column of Tables 1 and 2 replicate DIF and SYS GMM estimates of the last two columns of Table 4 in Blundell and Bond [1998] . Table 3 adds also LEV GMM estimates. The other columns of Tables 1, 2 and 3 present collapsing (DIFc, SYSc and LEVc), limiting (DIFl, SYSl and LEVl) and PCIVR on each variable separately and on the variables together (DPCIV100, DPCIV90, DPCIVT90; SPCIV100, SPCIV90, SPCIVT90; LPCIV100, LPCIV90, LPCIVT90). Reported estimates are the onestep GMM ones with standard errors robust to heteroskedasticity. The first point to stress is that PCIV100, which uses PCA to just transform the instrument set without dropping any of the moment conditions, does not alter the estimation results originally presented by Blundell and Bond. This is true for each variable of the model, for the specification tests and for different GMM estimates (DIF, SYS or LEV). The retain of the scores that are able to explain 90% of the original variance (PCIV90) in DIF GMM makes evident the problem of near unit root characterizing the data at hand: lagged wage is no more significant, and Hansen and residuals second-order autocorrelation tests present lower p-values. This a signal of weak instruments due to persistence that specially affect DIF GMM. These problems are exacerbated by PCIVT: putting together all the instruments and their lags, the PCA operates a sort of reduced form between near unit root stochastic processes and therefore, compared to collapse and lag truncation, casts light on the inappropriateness of the instruments. The overfitting of the model with troublesome moment conditions produces a downwards bias of the estimates (in the direction of Within-Group estimates) and a general increase in the variance. Moving to SYS GMM we note that the weak instruments problem due to persistence is reduced, as suggested by Blundell and Bond. Now PCIV90 delivers estimation results that are in line with original SYS GMM more than the other instrument reduction techniques, like collapsing and lag truncation. Compared to original SYS GMM, however, the reduced number of moment conditions implied by PCIVR reveals the rejection of the orthogonality conditions through the Hansen test. This rejection can be explained by the use of moment conditions in levels for the equation in differences; when we look at the LEV GMM, in which moment conditions in first differences are used for equations in level, we note how estimation results are close each other and that the Hansen test does not reject the overidentifying restrictions (the persistence of instruments is solved by the first-difference transformation).
Monte Carlo experiments: a multivariate dynamic panel data model
In our set of Monte Carlo simulations we estimate a multivariate DPD whose settings are the same as in Blundell et al. [2000] . The model of interest is:
and ∼ (0, σ 2 ) are the idiosyncratic shocks. Initial observations are drawn from a covariance stationary distribution such that
The process is positively correlated with η and the value of θ is negative to mimic the effects of measurement error. The setting of the parameters in the simulation model is as follows: Tables 8 and 9 we consider 500 individuals and a large temporal span, T =20; each experiment consists of 100 iterations and reported estimates are the one-step DIF and SYS GMM estimators, with standard errors robust to heteroskedasticity. We consider different degrees of persistence for and , as captured by the autoregressive coefficients α and ρ. The displayed results are as follows: mean is the mean of estimates; p5 and p95 are the 5 and the 95 percentiles of estimates; sd is the standard deviation of estimates, Hp mean, min and max are the mean, minimum and maximum of the p-values of the Hansen test and Hdf range is the number of overidentifying restrictions. The main aim of these simulations is to show that the PCIVR statistical approach gives results in line with the most appropriate estimation method, that depends on the parameters' setting and on the temporal length T . Compared to collapsing and limiting instruments reduction techniques, PCIVR magnifies the good or bad performance of an estimation method, without altering the core of the results. In the case of stationarity of both variables DIF and SYS GMM provide close results, confirmed by the PCIVR. As the temporal dimension of the sample grows, it becomes more evident the effectiveness of PCIVR in reducing the number of overidentifying restrictions: this is particularly true when all the instruments are considered together, as in the case of PCIVT, where the reduction process driven by the characteristics of the simulated data. While collapsing and limiting a priori fix the number of moment conditions, the PCIVR presents a range of overidentifying restrictions which is the wider the larger is T .
As we move towards the near unit root case of one or of both variables, the latter scenario being very close to the Blundell and Bond empirical application presented above, SYS GMM provides less biased and more precise estimates. It is particularly remarkable that the collapsing gives the highest standard errors in the case of persistence: this loss in the precision of the estimates is due to non-acceptable constraints on the dynamic structure of the instrument set. PCIVR is generally safer than collapsing and limiting as it provides estimates closer to the true parameters. The only not convincing performance is that of PCIVT in the case of DIF GMM under persistent stochastic processes: in addition to the problems of near unit root in the variables, we have here also an artificial and not economically-grounded correlation structure among the variables that further negatively affects the procedure of principal component extraction. In section 4, we will see that, on the contrary, PCIVT on a set of variables that have an economically-founded relationship has a better and more convincing performance. coefficients and unreasonably low estimates of returns to scale" (Griliches and Mairesse [1998] p. 177; see also the discussion in Mairesse and Hall [1995] ). The endogeneity issue arises from the simultaneous choice of output and inputs by the decision maker and from the correlations between firm-effects (efficiency levels of the companies, unknown to the econometrician) and the explanatory variables. It also arises from possible measurement errors in variables: omission of labour and capital intensity-of-utilisation variables -such as hours of work per employees and hours of operation per machine; problems in capital stocks construction (changes in the accounting normative, choice of depreciation rates); lack of distinction between blue and white collars in the labour input; lack of firm-specific prices. Noticeable is the fact that GMM methods are usually applied on first differenced equations using appropriately lagged levels of explanatory variables as instruments, with lag-depth truncation at t-3 (Mairesse and Hall [1996] for France and US; Mairesse and Jaumandreu [2005] for France and Spain; Bontempi and Mairesse [2008] for Italy). The second motivation is that our data-set is a large unbalanced panel with a considerable temporal span and our specification model includes three endogenous explanatory variables. Since the number of available instruments depends on the length of the panel and on the number of endogenous explanatory variables, and it changes from cross-section to cross-section, the GMM estimation procedures become very complex, calling for a fruitful use of PCIVR techniques in reducing overfitting problems. Table 10 shows the by-year and by-industry sample composition. Data are drawn from the CADS (Company Accounts Data Service of Centrale dei Bilanci), which is highly representative of the population of Italian companies, covering over 50% of the value-added produced by those companies included in the Italian Central Statistical Office's Census (further details, cleaning rules and definitions of variables are in Bontempi and Mairesse [2008] ). The total number of observations, more than 717,000, is roughly equally splitted between services and manufacturing companies; the total number of individuals is 73,072, with the availability of minimum 4 years and of maximum 29 years. In order to produce estimation results in line with those of the literature on production function estimates and to preserve the handiness of the empirical framework, we proceed with only the manufacturing companies. We also split the temporal span in two periods, 1982-1993 and 1995-2010, so that we can check the robustness of our findings to changes in the macroeconomic context. 17 The standard model proposed by the literature is the Cobb-Douglas production function with multiplicative specification of the total capital and constant (but non-unity) elasticity of substitution:
where Q indicates the value added; the terms A and B respectively capture efficiency (unmeasurable firm-specific characteristics, like management ability) and the state of technology (the macroeconomic events that affect all companies, like business cycle and "disembodied technical changes" i.e. changes over time in the rates of productivity growth); labels C , K and L are tangible and intangible capital stocks and labour, respectively, with the associated parameters measuring the output elasticity to each input; ε is the usual idiosyncratic shocks, allowed to be heteroskedastic and within-firm autocorrelated. 18 By taking the logarithms of equation 19 , and defining all the variables per employee, the multiplicative production function specification becomes:
where lower-case letters denote logarithms; and are the usual individual and time effects. Table 11 reports, over the columns, the main statistics of the variables in model 20. In line with the Italian manufacturing division, the data-set is mainly characterized by small and medium-sized firms (with a median number of employees equal to 46 units; about 113 units on average). 19 Input variables are characterized by outliers causing departures of non-parametric measures of spread (inter-quartile range, iqr) from parametric ones (standard deviation, sd). This is particularly evident in intangible capital stock, suggesting that large intangible stocks are concentrated in relatively few companies, and that zeros more prevail here than in the other two inputs. The decomposition of standard deviation in its between, within and residual components shows that the across companies variability prevails, with shares higher than 60% (in line with the findings in Griliches [1988] ). Table 12 presents correlations among the variables of equation 20 and tangible and intangible gross investments ( and , respectively); we shall return to this point below, in discussing the role of "internal" (lags of endogenous explanatory variables) and "external" (variables not included in the 18 Note that we assume a one-period gestation lag before intangible and tangible stocks become fully productive; beginning-of-period capital measures avoid the simultaneous correlation between capital inputs and the disturbance term. 19 The average Italian limited liability company employs 44 workers. equation of interest but suggested by the economic structure of the problem at hand) instruments in GMM applications. For now, we note that investments are highly correlated with the endogenous variables of equation 20. Table 13 presents estimation results for the sub-period 1982-1993. The first three columns report, as benchmarks, pooled OLS estimates (biased by the omission of firm-specific effects, correlated with explanatory variables), and within and first-differences estimates, both accounting for cross-sectional heterogeneity. The first-differences estimates are affected by random year-by-year noise that hides the signal of data (Griliches and Hausman [1986] ); its effect is particularly evident in the elasticity of labour, and produces disappointing decreasing returns to scale. The following five columns of Table 13 compare DIF GMM estimates with usual "internal" instruments: it is noticeable the lack of robustness in estimation results accordingly to the different technique used to reduce the number of moment conditions and the rejection of overidentifying restrictions by the Hansen test; PCIVR and PCIVRT produce the best results. Estimates further improve as we move towards the last five columns of the Table, in which "external" instruments are used: particularly in the case of PCIVRT, overidentifying restrictions are not rejected and, at least, elasticities of the output to the capital stocks go in the direction of more sensible results. We prefer the "external" instrument to the "internal" ones, for at least one reason: the lags of the explanatory variables may be affected by the same measurement error (possibly correlated over time) that we are trying to tackle. In general, however, the difficulty with DIF GMM estimates is that the past levels of variables are poor instruments for the current differences of the explanatory variables; this even in a large cross-sectional dimension, as in our case, see Bound et al. [1995] . Under covariance stationarity assumptions of the variables in equation 20 we use past differences of investment as ("external") instruments for the levels of productive inputs; accordingly to the above cited literature, LEV GMM -more than DIF GMM -keeps the relevant information in the variables of interest. Results are presented in Table 14 for the two 1982-1993 and 1995-2010 sub-periods. The estimates are encouraging, because robust to changes in the sample periods and in the temporal span, with a non-rejection by the Hansen test that is more evident in the most recent period; moreover, previous disappointing decreasing returns to scale have vanished in favour of constant returns to scale (from an economic point of view, in the first period, or both in economic and statistical terms in the second period). 20 . It is also remarkable the good performance of PCIVRT in an economic context in which the reduced form behind the production function contemplates the possibility of complementarities among productive inputs (which are magnified by the principal components extraction when the instruments and their lags are putted together). Compared to PCIVR, collapsing and lag truncation present worse results: estimated elasticities for some inputs are less in line with not-reduced GMM and PCIVR, and present lower precision. The not-convincing result obtained with lag-depth truncation of the instrument set should be paid a particular attention, as this reduction strategy is commonly adopted in the literature on productivity.
Conclusions
This paper introduces a new strategy to reduce the number of instruments in the GMM estimation of dynamic panel data, namely the extraction of principal components from the instrument matrix (PCIVR), and compares the alternative instrument reduction techniques through Monte Carlo simulations and empirical applications.
First, we discussed the rationale of applying the PCA on the instrument matrix stressing that it involves a purely data-driven procedure which does not require particular assumptions on the coefficient of the matrix: it is instead the most information-preserving technique among those we discuss here.
Secondly, we both use empirical applications and run extensive Monte Carlo simulations of multivariate DPD model with endogenous variables additional to the lagged dependent one. We found that the extraction of principal components from the instrument matrix tends to improve GMM results when the assumptions under DIF or LEV/SYS GMM are valid.
In the light of the previous findings, we are able to suggest some indications for applied research and to sketch some potential extensions of this work.
Overall, the extraction of principal components from the instrument set seems to be a promising approach to the issue of instrument proliferation: in fact it appears reasonable to exploit the correlations between the instruments to summarize the original information. Our results confirm that PCIVR is a general, data-driven technique to reduce overidentification problems that can be fruitfully applied to any overidentified GMM problem. We suggest the researcher on always reporting the number of instruments and not to adopt an instrument reduction technique a priori, as every strategy could have serious drawbacks if some assumptions do not hold.
Proper procedures to extract principal components from the instrument matrix have been programmed by the authors in the software Stata: these are based on the preliminary construction of the instrument matrices. This availability could facilitate the researchers in presenting the estimates obtained with alternative GMM estimators with and without data-driven instrument reduction techniques.
Further developments can go in the direction of merging our PCIVR with statistical tests on the validity of the moment conditions. The reduction in the number of overidentifying restrictions should improve the reliability of tests on instruments' validity. In particular, we are going in the direction of multi-step principal components analysis, which involves the identification of "reference" matrices of instruments that enlighten aspects of the data at hand that are problematic for the validity of the instruments; among these, the characteristics of persistence of the instruments. where V is the matrix consisting of the eigenvectors (principal components) of C, Λ is the diagonal matrix that has as element the eigenvalue λ corresponding to the eigenvector v . The elements of the eigenvector v , namely the coefficients of each linear combination, are the loadings, that represent the contribution of each original value to the PC: in other words, they can be interpreted as the weights of the variable in pc . Subject to the conditions in equations (23) and (13) , that is if u is such to have unit length, the variance of the principal component, var(pc ), is given by λ . The total variance of all the principal components will be equal to the variance of the original variables so that: =1 λ = tr(C).
As a consequence, each principal component will account for a portion of the variance of the original data equal to:
By multiplying each original variable by its loading in each PC, we obtain the matrix of the principal component scores defined as follows:
where X is the original data matrix and V is the same as above. In other terms, the scores indicate the influence of a PC on a specific sample. The matrix S can be used in the analysis in the place of X: in fact, the matrix S contains the original data matrix in a rotated coordinate system. Clearly the original matrix of data can be written as:
where V and S are orthogonal. The number of eigenvalues and eigenvectors, and thus of the principal components, obviously equals the number of variables in the original data.
As the aim of PCA is a reduction of the data dimension through a maximization of the variance explained by the first components and the elimination of multicollinearities in the data, that imply potential problems in inverting the original matrix, we will want to select and keep a number of components which is smaller than : we will therefore select the eigenvectors corresponding to the largest eigenvalues of C such that they explain most of the variability in the data. The largest principal components will account for the following portion of the original variance:
Accordingly, in the matrix V only eigenvectors will be retained and the scores will be computed form the reduced V matrix. It is then possible to exploit directly the scores from the PCA by using them instead of the original variables.
A relevant issue is how to choose the the principal components to be retained in the analysis. Two criteria are generally adopted in the literature: the first implies that only the components that explain a given predetermined portion, usually between 70% and 90%, of the original variance are to be retained; the second one keeps only the components whose eigenvalues are larger than the average eigenvalue which obviously is the average variance in the original data.
